Abstract-To understand the effect of the community structure on the epidemic propagation in homogeneous networks, a model of pseudo-random network is presented with adjustable community structure and constant average degree. In the scenario that the propagation is driven by reaction processes from nodes to all neighbors, pronounced community structure can reduce the epidemic propagation velocity. While in the situation that epidemic pathway is defined by traffic flows, the epidemic spreading in networks with pronounced community structure is obviously accelerated instead. When it is extended to the SIS model with traffic flows, the epidemic threshold is found to be proportional to the inverse of the average betweenness. Simulation results have confirmed the theoretical predictions.
I. INTRODUCTION
Since the seminal work on the small-world phenomenon by Watts and Strogatz [1] appeared in Nature in 1998 and on scale-free networks by Barabási and Albert [2] one year later in Science, the study of complex networks has attracted the dramatically increasing interest. The ultimate goal is to understand how the network effects influence dynamical processes taking place upon it. It is shown that complex networks can be classified into two distinct groups depending on their structure properties. The first one is homogeneous complex networks, represented by the exponentially bounded networks [3] [4] . A typical example of an exponential network is the random graph model of Erdös and Rényi [4] . Recent studies indicate that many social, biological, and communication systems such as the Internet and the World Wide Web are not homogeneous as the above mentioned model, but have a scale-free topology, exhibiting a power-law degree distribution that is the probability that a node has k connections follows the distribution P(k)~k γ , where γ ranges between 2 and 3. In homogeneous networks, generally we can assume that each node has roughly the same number of links which means the degrees of all the nodes are almost the same. Nevertheless, in the heterogeneous networks, linking is very often preferential which makes a wide range of degree distributions.
On the basis of the former theoretical study, lots of applications have been made especially on the epidemic spreading [5] [6] [7] [8] [9] . In the past few years, lots of large-scale international epidemics among human, animal, and plant caused an enormous amount of damage and loss. Since those disease outbreaks in biological systems can be viewed as the spreading of an epidemic on complex networks, how to control the epidemic spreading is one of the hot topics of recent research of dynamical processes taking place in complex networks. Many models have been proposed to characterize the epidemic spreading on complex networks. In those most extensively studied models, an individual is represented by a node which can be classified in three states: susceptible (which will not infect others but may be infected), infected (which is infective) and recovered (which has recovered from the disease and has immunity). Assume that a susceptible node will be infected by a certain infected one during one time step with probability ν, and the recovering rate of infected ones is δ. Then the effective spreading rate λ is defined as λ=ν/δ for the disease. Without lack of generality, we set can set δ=1, since it only affects at the definition of the time scale of the disease propagation.
With the further development of studies on complex networks, another common feature is found in many networks, community structure, the tendency for nodes to divide into subsets within which node-node connections are dense but between which connections are sparser. The impact of community structure on information transfer is investigated [10] and a novel routing strategy based on community structure which enhance the packet delivery capability is proposed [11] [12] . And the community network is found to have a smaller threshold of epidemic outbreak and more prevalence to keep the outbreak endemic with a broader degree distribution [13] . But nowadays, some communication equipment or software are found to be much more likely to make a connection with the nodes with common or similar characteristics while the total links are equal or close to their same limit. For example, in QQ platform, the most popular IM program in Mainland China, there will be at most 1000 friends for a certain QQ ID which is more likely to link with its relatives, classmates and colleagues. The impact that community structure has on epidemic spreading in the homogeneous network are not only of theoretical interest, but also of practical significance.
In this article, considering the emergence of community structure, the authors propose a model to explore the impact of community structure on epidemic spreading in the homogeneous network. Epidemic spreading are investigated in both scenarios that the propagating from nodes to all neighbors and epidemic pathway driven by traffic. The epidemic threshold is analyzed through comparative analysis and simulations based on different parameters and different community structure. Furthermore, it helps adopt appropriate immunization strategies to minimize the risk of epidemic outbreaks.
II. MODELS
The classical SIS model [6] [7] , which is often used for these in which the infected nodes will return to the susceptible state again, does not take into account the possibility of nodes removal due to death or acquired immunization, and thus nodes run stochastically through the cycle susceptible → infected → susceptible. It is generally used to study epidemics leading to endemic states with a stationary average density of infected nodes. But while investigating the dynamical behaviors in the very early stage of epidemic outbreaks, this case corresponds to the simplified SI model [9] , for which infected nodes remain always infective and spread the infection to susceptible neighbors with spreading rate λ. The SI model can be viewed as the limit of the SIS model when the recovering rate δ=0, representing diseases from which recovery is impossible.
In the previous epidemic spreading model which assumes that each node's infectivity is strictly equal to its degree, each infected node will contact every neighbor once within onetime step. In this paper, we also investigate the propagation process driven by traffic flows along the shortest path. The traffic-driven epidemic spreading model can be described as follows: all the nodes can create packets with addresses of destination, receive packets from other nodes, and route packets to their destinations; at each time step, an information packet is generated at every node with probability β, with randomly chosen sources and destinations and all the packets are forwarded one step toward their destinations through the shortest path; each node has unbounded packet delivery capability for simplicity which means congestion cannot arise in the model; a packet, upon reaching its destination, is removed from the system; a susceptible node has a probability λ of becoming infected every time it receives a packet from an infected neighbor. (When we calculate the epidemic threshold of SIS model, the probability λ is the effective spreading rate while the recovering rate is fixed to 1.)
To know the influence of community structure on epidemic spreading, we employ the modularity measure which is proposed in [14] . Consider a particular division of a network into m communities. Let us define an m×m symmetric matrix E whose element e ij is the fraction of all edges in the network that link nodes in community i to nodes in community j. The modularity measure, Q, is defined as follows:
where a i is the sum of e ij for a certain j, that is
. Different divisions lead to different Q where the maximum of them is named as Q max . The higher the modularity Q max is the stronger community structure the network has.
The homogeneous networks, such as ER random graphs and WS small world networks, have highly peaked degree distribution which means most nodes have approximately the same degree. In the homogeneous networks with community structure, the average degree is not any more a meaningful characterization of the network properties. We introduce the betweenness b i to estimate the possible packets passing through a node i under a given routing strategy. The most widely used betweenness measure is that of Freeman [15] [16] , usually called shortest path betweenness which is defined as
where ) , , ( t i s σ is the number of shortest paths between nodes s and t that pass through node i and ) , ( t s σ is the total number of shortest paths between node s and t and the sum is over all pairs s, t of all distinct nodes. This may be normalized by dividing through the number of pairs of nodes not including i, which is (n−1)*(n−2)/2.
To this end we are required to be able to construct homogeneous networks with controllable community structure. A model of pseudo-random network is employed since all other properties such as average node degree will be equivalent to fully random networks except the controllable varying strength of community structure. These networks are comprised of n nodes which are split into m communities of n/m nodes each. Each node has on average Z in edges connecting it to nodes of the same community and Z out edges to nodes of other communities. While Z in is varied, the value of Z out is chosen to keep the total average degree constant, and set to <k>. As Z in is increased, the communities become better defined and easier to identify.
III. SIMULATIONS AND ANALYSIS
We employ a family of pseudo-random networks with n=128 nodes in each network which are divided into m=4 communities with n/m=32 nodes in each community. The average degree is set to <k>=16 while Z in = 8 for a random network with modularity Q max =0.2533, Z in =12 for a network with community structure whose modularity Q max is 0.4907, and Z in =15 for a network with pronounced community structure whose modularity Q max is up to 0.6976. And the average betweenness <b> is 0.0157, 0.0172 and 0.0235 consequently. In all simulations, we generate 100 instances, and the result is the average of the 100 instances. What's more, the propagation is computed averaging over 100 different starting configurations in a certain instance.
A. Epidemic Spreading in Homogeneous Networks
It is proved that in homogeneous networks, each node has approximately the same degree which makes it possible to use mean-field theory to obtain approximate results [9] . In this case the system is completely defined by the number of infected node I(t), and the reaction rate equation for the density of infected nodes i(t)=I(t)/n (where n is the total number of nodes ) reads as
Equation (3) states that the average density of newly infected nodes is proportional to the spreading rate λ, the density of susceptible nodes that may become infected, 1-i(t), and the probability of infected nodes in contact with any susceptible one. The homogeneous mixing hypothesis considers that this last term is the product of the number of links emanating from each node <k> and the average density of infected nodes i(t). Obviously, the formula considers that all nodes have the same number of neighbors <k>; i.e., it assumes a perfectly homogeneous network. And each node's infectivity, measured by its possibly maximal contribution to the propagation process within one time step, is strictly equal to its degree.
Numerical simulations are performed on the pseudorandom networks mentioned above to produce the results as shown in Fig. 1 . Fig. 1(a) and 1(b) exhibit the average density of infect nodes for different Z in . While Z in is set to 8, the network is a traditional random network as mentioned in [4] . In both scenarios, our simulations agree well with the theoretical predication of (3). When Z in increase from 8 to 12 and 15, the modularity Q max is 0.2533 to 0.4907 and 0.6976 consequently which means more pronounced community structure. The epidemic propagation velocity is smaller in networks with stronger community structure which is different from the previous study [13] . In the networks with pronounced community structure, the infected seed is more likely to infect the one in the same community because there are more edges linked with the node in the same community than the others. After a short while, the new infected node will find that most of its neighborhoods are infected because they are in the same community. Therefore, the community structure slows down the epidemic propagation. Comparing Fig. 1(a) and  1(b) , we can find that the effect of community structure slowing down the epidemic propagation is especially obvious when the epidemic spread at lower rate.
B. Traffic Driven Epidemic Spreading in Homogeneous Networks
In the traffic driven epidemic spreading model, we can also obtain approximate results of the density of infected nodes i(t) using mean-field theory as follows:
. (4) Equation (4) states that the average density of newly infected nodes is proportional to the spreading rate λ, the density of susceptible nodes that may become infected, 1-i(t), the probability of a packet passing through a link pointing to an infected node, i(t), the total number of packets, n β * , and the fraction of packet passing through node which is equal to the average betweenness, <b>. Equation (4) . (5) At small times, the density of infected nodes is very small, we can get that 
The above calculations imply that the density of infected nodes is proportional to the spreading rate λ and the packet generation rate β in a given network. And if the network has pronounced community structure, which means the greater average betweenness, the density of infected nodes is higher. In other words, the epidemic spreading in networks with pronounced community structure is obviously accelerated. Fig. 2(a) and 2(b) exhibit the relationship of the density of infected nodes and the spreading rate λ which agree well with (6). In both scenarios, the increase of the density of infected nodes is companied with the increase of Z in , as well as the community structure. By comparing Fig. 2(a) and Fig. 2(b) , we discover that the lower the spreading rate is, the more obvious the effect is. Fig. 3(a) and 3(b) exhibit the relationship of the density of infected nodes and the packet generation rate. There is only slight difference that can be ignored between Fig. 3(a) and Fig. 2(b) where only one of the two parameters (the spreading rate and the packet generation rate) is doubled. It also confirms the validity of (6) . Also in both scenarios, strengthening the community structure will result in the increase of the density of infected nodes. By comparing Fig. 2(a) , 3(a) and 3(b), we can also observe that the lower the packet generation rate is, the more obvious the effect is.
In the traffic driven epidemic spreading model, the nodes with higher betweenness are more likely to be infected since they are given more opportunities to receiving packets from infected nodes. And if they are infected, they are more able to spread the epidemics. They can be called the 'super spreader' [17] [18] because the node with great infectivity in an epidemic contact network. So the epidemic spreading in networks with pronounced community structure is accelerated.
C. Epidemic Threshold in Traffic Driven Epidemic Spreading in Homogeneous Networks
Finally, we extend it to SIS model with traffic flows, the only thing is to add the decaying item, which is proportional to the product of the curing rate γ (we set it to 1 for simplicity) and the average density of infected nodes i(t). So in SIS model, the equation is
The ultimate purpose is the general prediction of a nonzero epidemic threshold, λ c , which is the simple criterion for finding optimal immunization strategies [19] [20] [21] [22] . If the value of λ is above the threshold, the epidemic spread and become persistent. On the contrary, below it, the epidemics die out and endemic states are impossible. After imposing the stationary condition of (7), di(t)/dt=0, we obtain the equation of the epidemic threshold: Fig. 4(a) , when the spreading rate λ is lower than 0.49, the infected nodes disappear. And while it is up to 0.50, the infections can proliferate on the network. It is in good agreement with analytical finding of the (8) To find the influence of packet generation rate on the threshold, we change β from 1 to 2 to get the simulation results as shown in Fig. 5 . When the packet generation rate is doubled, the predication of (8) 
IV. CONCLUSIONS
Aiming at the influence of community structure on epidemic spreading, we have computed both analytically and numerically the conditions for the emergence of an epidemic outbreak in homogeneous network in both scenarios that the propagating from nodes to all neighbors and epidemic pathway driven by traffic. Two distinct results are achieved due to the different models: community structure is proved to have a positive effect reducing epidemic propagation velocity in the traditional model while it can accelerate the epidemic propagation in the traffic driven model. Additionally, the analytical results of the epidemic threshold value are obtained, which agree well with the numerical simulations. The results indicate that the epidemic threshold is proportional to the inverse of the average betweenness and the packet generation rate in a given homogeneous network. It is of practical importance to adopt appropriate immunization strategies to control the epidemic spreading. 
